Fuzzy logic controllers are readily customizable in natural language terms, and can effectively deal with non-linearities and uncertainties in control systems. This paper presents an intelligent and automated fuzzy control procedure for the refrigerant charging of refrigerators. The elements that affect the experimental charging and the optimization of the performance of refrigerators are fuzzified and used in an inference model. The objective is to represent the intelligent behavior of a human tester, and ultimately make the developed model available for the use in an automated data acquisition, monitoring, and decision-making system. The proposed system is capable of determining the needed amount of refrigerant in the shortest possible time. The system automates the refrigerant charging and performance testing of parallel units. The system is built using data acquisition systems from National Instruments and programmed under LabVIEW. The developed fuzzy models, and their testing results, are evaluated according to their compatibility with the principles that govern the intelligent behavior of human experts when performing the refrigerant charging process. In addition, comparisons of the fuzzy models with classical inference models are presented. The obtained results confirm that the proposed fuzzy controllers outperform traditional crisp controllers and provide major test time and energy savings. The paper includes thorough discussions, analysis, and evaluation.
Introduction
The manufacturing of refrigerators comprises thorough electromechanical safety and a variety of performance tests. Safety tests are performed per international standards and can include circuit, voltage, insulation, power, current leakage tests, etc. Well designed, reliable and validated performance tests are critical for quality production. Both safety and performance tests can be automatic or semi-automatic, and supported by a variety of equipment, data acquisition (DAQ) systems, and human operators [1, 2] .
Refrigerator performance tests vary in type and duration. Tests can be long-term with durations between 1 to 3 hours, or short-term with durations between 10 and 45 minutes. Further tests can be applied to samples of production over a duration between 3 and 12 hours. Tests in thermo-regulated rooms can last between 12 and 72 hours. Performance tests include temperature readings from the refrigerator main parts, such as, the compartments and evaporator, besides its ambient. Moreover, the tests include careful control of refrigerant charge quantities to attain the best possible per-formance and enable sufficient cooling and avoid various hazards [3] .
Due to the important effect of the amount of refrigerant charge on the performance of refrigerating units, the influence of the amount of refrigerant on the functioning of these units has been addressed in [4, 5] . Traditionally, the optimization of the amount of charge has been done experimentally and either manually or semiautomatically. However, refrigerant charging is proven to require time and labor and also consumes energy [4, 6] . In the literature, soft computing and classical methods to develop, computerize and automate the control and testing of refrigerators have been given a wide attention [7, 8, 9, 10, 11, 12, 13, 14] . The aims of the identified studies, however, differ from the objectives of this investigation.
The experimental setting of refrigerant charging optimization can become more appealing if the process is automated, while accounting for the reduction of the time, labor, and energy factors. Fuzzy logic and inference methodology can be employed to emulate the intelligent behavior of human experts in the control process. Fuzzy inference has been essentially developed for the design of humanistic or approximate reasoning systems [15, 16, 17] . Fuzzy control could fit well the humanperformed and/or semi-automatic optimization of the refrigerant charging and testing processes.
In this paper, we investigate the automation of the refrigerant charging and performance testing processes. The aims comprise saving time, labor, and energy while maintaining the processes adequacy. The investigation includes the development of a fuzzy inference, a classical control, and refrigerant charging and testing DAQ systems. The developed systems are implemented under LabVIEW and targets DAQ devices from National Instruments [18, 19] . The proposed system supports parallel analysis, testing, and charging of several refrigerators.
This paper is organized so that Section 2 presents related works. Section 3 discusses the motivation and research objectives. In Section 4, background information is presented. In Section 5, the expert testing procedure is presented. Sections 6 and 7 present the developed classical and fuzzy solutions. Section 8 presents the system architecture and implementation. Thorough analysis and evaluation are presented in Section 9. Section 10 concludes the paper and sets the ground for future work. The Appendix include a list of acronyms and symbols, that are used in the paper, and their definitions.
Related Work
Automated and fuzzy operation control, and performance testing, of refrigerators are widely addressed in the literature. The aim of investigations includes optimizing performance, simplifying control procedures, and/or mimicking the behavior of a human operator. Filho et al. in [7] developed an adaptive fuzzy controller for a 5-ton vapor compression system. The developed system achieved high coefficient of performance (COP ) values at relatively low rotation frequencies. Yang et al. in [8] proposed a self-adjusting fuzzy controller to improve the performance of refrigerators and their power efficiency. The developed system supports self-adjusting the fuzzy rules in real-time. Kocyigit in [9] successfully analyzed faulty conditions of a refrigeration system using fuzzy inference system and artificial neural networks. The developed system-fault and sensor-error analysis procedures are based on the thermodynamic properties and refrigeration cycles of the system. You et al. in [10] investigated the optimization of the performance of refrigerators under large-scale load variations using fuzzy control. Significant energy saving is reported at an increased COP. Saving energy and improving the COP is also investigated by Li and Fei in [11] . The investigation included fuzzy control, for the capacity and superheat, to avoid the complexity of exact dynamic models and take the advantage of mimicking the human operator behavior with simplicity.
A classical step-wise optimization of charge amount is presented in [14] for the Joule-Thomson cooler. The proposed optimization procedure successfully identified the best mixed-charge amounts. The lowest refrigeration temperature of -139 ℃ is obtained after 134 minutes of running time. The required amount of charge to achieve optimal performance, is commonly known to depend on the evaporator and condenser capacities, outer heat transfer surfaces, the capacity of the capillary tube, the ambient temperature, etc. [5, 20] .
Damaj et al. in [6] investigate the refrigerant charging process using fuzzy control within a factory performance testing and quality control experimental setup. The developed fuzzy controller is basic and aims at mimicking the behavior of a human operator. Significant time savings in the testing procedure are reported while maintaining the adequacy of the COP and the quality of the tested system. The study is limited to a single experiment setup and did not include an evaluation of the system impact on energy consumption or labor. In addition, the setup does not include an automated refrigerant charging system. 
Research Objectives
The purpose of the refrigerant charging process is to find the amount of refrigerant needed to attain the highest COP at the best possible temperature. With no doubt, rapidly deciding on the optimal amount with enough assurance is of various advantages. Advantages include saving testing time, labor, and energy. Experimental charging is done through repeated addition of a specific amount of refrigerant, and monitoring the temperature change for each obtained amount as a function of time. The monitored temperature is usually taken as the average internal temperature of the refrigerator cabinet obtained by considering the low and high temperature sections as well as their capacities. Every time an amount of refrigerant is added, the minimum possible attainable temperature should be detected in as small time as possible.
In the targeted refrigeration systems, the regular trend of temperature change with time is decreasing in nature (See an approximation in Figure 1 ). Accordingly, if the period over which this change is observed, as it starts to become insignificant, is made shorter, then the risk of detecting a temperature larger than the optimum becomes higher. The way to deal with the stated problem is to place appropriate emphasis on the correlation between the length of the observation interval and the extent of the temperature change. The objective is to make the observation interval correspond closely and be fairly sufficient relative to the desired stable temperature range. The aim is to allow for the detection of the lowest or close to the lowest temperature, while not requiring too much time to finish the testing process.
Considering the problem statement and the concise description of its solution procedure, fuzziness arises naturally. For instance, fuzziness is involved in the terms: shorter, insignificant, much larger, fairly sufficient, close to the lowest, and too much time. These terms can be represented by fuzzy sets with suitable membership functions. In addition, fuzzy if-then inference rules can be structured to fit the problem description and provide appropriate solutions [15, 16, 17] . The fuzzy models that are to be devised would have to represent, therefore, how a human expert performs the refrigerant charging process. Inference rules, which can be employed in the fuzzy models, can be of the form shown in Equation 1.
-If temperature change is significant and observation time is insufficient, then testing continues. -If temperature change is insignificant and observation time is fairly sufficient, then testing stops.
(1)
The purpose of this paper is to use fuzzy logic and inference methodologies to pave the way for the emergence of an intelligent and automatic control procedure for the process of refrigerant charging. A detailed description and more justification of the use of the fuzzy inference rules and the results they provide along with comments on these results are provided in Sections 4, 6 and 7. Furthermore, since limited inference-based control methods for refrigerant charging of refrigerators have been reported in the literature, non-fuzzy inference models based on crisp sets or intervals are presented in Section 6 for comparison purposes. We should mention at this point that fuzzy and other soft computing techniques were introduced and used in the refrigeration applications [7, 8, 9, 10, 11, 12, 13] . However, the aims of the reported work in the literature differ from the objectives of the subject addressed in this paper. In this paper, we go beyond the work presented in [6] with focus on achieving better time savings, higher performance, investigating the impact on energy consumption and labor use, and providing a real-time system that is capable of testing parallel refrigerators inside or outside thermos-regulated rooms. The motivations behind this paper are summarized as follows:
-Automating the performance testing of refrigerators is a useful industrial application and a challenging process control procedure. The automation targets a widely-used appliance and enables a broad impact. -The refrigerant charging process can be time consuming, labor intensive, and consumes high energy in parallel-testing setups. To that end, the opportunity for multiple improvements are present. -The design of a tight control system requires access to the full state vector of the underlying system; in practice, this is not always feasible [21] . The presence of the human factor, in this problem, cannot be modeled or implemented using a classical controller with the usual mathematical formulations at a reduced complexity. Mimicking the behavior of a human operator, and exploiting the intrinsic fuzziness of the problem, promise significant reductions in the control system complexity -given the availability of modern rapid-prototyping tools and the exclusion of the human operator. -Automating the process of monitoring and refrigerant charging improves the reliability of the procedure with the elimination of the chance of human errors. Besides, it increases the safety of the process.
The research objectives are summarized as follows:
-Reduce the time of the refrigerant charging procedure and performance testing of refrigerators , while maintaining the quality of the product. 
Fuzzy Sets and Fuzzy Logic
The concept of a fuzzy set [22] consists of a generalization of the concept of a classical set. An element in a space over which a fuzzy set is defined can have a partial grade of membership in a fuzzy set instead of being either a member or not a member as in a classical set. Hence, the notion of a characteristic function is generalized to become a membership function mapping the space over which the fuzzy set is defined to the interval [0, 1]. This makes the membership function represent a smooth rather than an abrupt transition from complete membership to non-membership. Here, a fuzzy set becomes an entity having no sharply defined boundary. Fuzzy logic emerges from the concept of a fuzzy set to deal with fuzzy or vague linguistic propositions arising in natural languages. A simple fuzzy proposition, therefore, is not necessarily true or false. It can have a degree of truth in the interval [0, 1]. Some of the membership functions (MFs) used to describe a fuzzy set are shown in Figure 2 [18, 15, 23, 24, 25, 26] . Simple fuzzy propositions can be combined by the logic operators AND and OR, for example, to yield composite propositions. The THEN operator can also be used to construct conditional fuzzy propositions (fuzzy IF -THEN rules), which form the backbone of fuzzy inference systems (See Equation 1) or fuzzy controllers.
Fuzzy Controllers
A fuzzy controller is an input-output system formed by a fuzzifier, a defuzzifier and a collection of fuzzy inference rules (See Figure 3 ). Having fuzzy sets (overlapping ones) assigned over the input and output variables of the fuzzy controller, then the IF -THEN rules provide the necessary connection between these input and output fuzzy sets. For crisp input values, the membership grades in the input fuzzy sets are obtained by fuzzification. The fuzzified grades are then used in the rules setting and by applying the compositional rule of inference (CRI ) to obtain a corresponding fuzzy output, which needs to be defuzzified; i.e. converted into a crisp output. Indeed, various defuzzification methods are devised in the literature [26, 27, 28, 29] .
Let an N-rule, two-input, one-output fuzzy system be such that the j th rule, 1 ≤ j ≤ N , is expressed in Equation 2.
A j , B j and C j are fuzzy sets assigned over x, y and z which are, respectively, the input and output variables of the system. The CRI -obtained fuzzy output, C 0 , and corresponding to the crisp input pair (x 0 , y 0 ) is as in Equation 3 .
The minimum operator (∧) is used to represent the AN D and T HEN operators. The OR operator, that is usually considered between the rules, is represented by maximum (max). If crisp values, C j s, are assigned over the controller output variable, making the T HEN parts of the rules crisp, then a crisp output value corresponding to (x 0 , y 0 ) can be obtained directly from within the rules without passing a fuzzy output. The weighted average defuzzification formula, expressed in Equation 4 , is one way to obtain this crisp output [17, 29] :
Analysis and Design of Fuzzy Control Systems
The relationship between fuzzy logic and linear system theories motivates numerous investigations on the systematic analysis and design of fuzzy control systems. Accordingly, important investigations related to fuzzy system stability analysis have comprised component failures, reliable control, effects of time delays, chaotic modes, performance degradations, applications, etc. [30, 31, 32, 33, 34] .
Expert Testing Procedure
The usual refrigerant charging procedure is intrinsically fuzzy. Undoubtedly, the observation of temperature change, at various refrigerant amounts, and the time spent to attain this temperature, depend on the level of expertise of the hu-man tester. A conservative tester with less expertise would, for example, extend the observation time as much as possible and maybe beyond what is necessary to complete the process. In such a situation, the test could have been stopped at an earlier time without having a significant effect on the reached temperature. Such an earlier and more adequate stop would mostly be done by a less conservative tester with a higher level of expertise. The experienced tester can correlate in a proficient manner between various ranges (or approximate ranges) of temperature change and various corresponding observation time periods (or approximate periods) to decide whether the test should continue or stop.
In fact, the consideration of approximate ranges of temperature change and lengths of observation time periods can suitably be represented by fuzzy sets and logic. The fuzzy controller can be developed based-on how an expert interprets the curve in Figure 1 to implement the above-mentioned correlation and translate it in the form of decision-making strategies. Now, the main question would therefore be: How should the change in temperature be concretely considered relative to the time that has elapsed to reach the desired point? In other words, how the stoppage or continuation of the testing process should be decided?
It can be argued that the temperature change and observation time variables could be partitioned into ranges. Moreover, the stoppage or continuation of the testing procedure could be made to depend on each combination of two intervals, one for temperature change and the other for observation time. In fact, this constitutes the basis for a plausible classical solution whose main aspects are presented in Section 6.
A more natural type of a solution and closer to how the testing procedure is usually performed by a human expert can be based on fuzzy logic and inference. Instead of partitioning the problem variables into intervals, the partitioning can be done into fuzzy intervals or equivalently fuzzy sets. Then, pair-wise combinations of these sets are to be structured and corresponding outputs, related to the stoppage (STOP ) or continuation (CONT ) of the testing, are to be assigned to give fuzzy inference rules.
Classical Solutions
In this section, and consistently with what has been presented in Section 5, two classical inference models are provided for the control of the refrigerant charging process. The first solution consists of partitioning the temperature change variable, denoted Dtemp, into two intervals: 0 ≤ Dtemp < 0.5 , and Dtemp ≥ 0.5 . The observation time variable, denoted Time, is also partitioned into two intervals: 0 ≤ T ime < 30 minutes and T ime ≥ 30 minutes. The corresponding classical rules are presented in Equation 5. The implementation of the first classical solution considers the use of a timer that starts recording the time when Dtemp reaches a value less than 0.5. The scanning stops only when Dtemp becomes less than 0.5 ℃ for an observation time greater than or equal to 30 minutes. A charging situation is assumed here so that the noted observation period is considered as one that leaves no doubt about reaching the stability stage and thus recording the smallest temperature that can be achieved for a specific amount of refrigerant.
More emphasis on the correspondence between the temperature change and observation time, as it relates to various refrigerant-charging situations, will be given in the sequel. When the scanning stops, another amount of refrigerant is added and the process is repeated. In Figure 4 , a chart is drawn showing the refrigerant amount versus the minimum temperature. Thus, the amount of refrigerant needed to give the highest possible COP can be found. But, this is not in as small a time as possible. Since, after reaching a value less than 0.5 ℃, Dtemp could even become smaller requiring a stoppage time instant before 30 minutes. Such a possibility needs to be accounted for; this can be done as in a second classical controller.
An improvement to the solution in Equation 5 is to make it softer and hence closer to human experts testing (See Section 5). The improvement can be done by providing additional interval partitioning to the variables. [20, 25) , [25, 30) and [30, ∞) . Considering all the pair-wise combinations of these intervals and assigning an appropriate stop or continue testing for each combination, while respecting the principles of Section 5, then 16 rules are result (See Equation 6 ). Figure 6 . The controller has the two inputs Dtemp and T ime, and an output indicating the required charging action. Here, the (MFs) of fuzzy sets are assigned over and representing a partitioning of these variables. The inference rules consist of all pair-wise combinations of these fuzzy sets, where each combination takes one set from each variable. The controller output is related to the stoppage or continuation of the testing procedure.
The ranges of the controller variables, fuzzy sets, and the inference rules, are assigned based on consultations with experts in the refrigeration field. The consultations also helped improve the contents of Sections 3, 5, and 6, which are also relied upon. Furthermore, some tuning has been done to the fuzzy sets and rules to adjust the model and make it, along with its results, more consistent with the expectations of the experts.
The Dtemp variable has a range between 0 and 5 ℃ and 4 fuzzy sets denoted as Very Small, Small, Medium and Large with MF s shown in Figure 7 . As they relate to the problem description of Section 3 and the linguistic terms used, the fuzzy sets used here can be interpreted as insignificant, fairly insignificant, significant and highly significant respectively. The T ime variable has a range between 0 and 40 minutes and the 5 fuzzy sets Very early, Early, Right, Late, and Very Late with MF s shown in Figure 8 . The linguistic interpretation of these fuzzy sets, as they relate to the time required to finish the testing process, can respectively be considered as insufficient, fairly insufficient, sufficient, fairly sufficient and highly sufficient. The output variable of the fuzzy controller, denoted Output, has two singleton terms at 0 and 1 and they are respectively called Stop and Continue (See Figure 9 ). Based on the above partitioning, the main fuzzy controller uses the 20 inference rules given in Table 10 .
The choice of MFs is of direct impact on the overall performance of the fuzzy system. Trapezoidal membership functions are formed using straightlines; thus, they are simple to capture and implement. Due to their smooth shape, Gaussian MFs can provide appealing controller characteristics as they are non-zero at almost all points [28, 35] . A close examination of the inference rules structure reveals that the principle that should govern the intelligent behavior of a human expert is respected (See Section 5). In addition, the fuzzy sets MFs are selected so that, when they are used with the rules in Table 10 , they would give an approximate stoppage time consistent with the expectations of the experts. Here, the opinion of the expert plays the main role in the representation of MFs. If the rules in row 1 in Table 10 are considered, then these rules imply that for Dtemp near 0.1 ℃ (Very Small ), the stoppage time needs to be near 15 minutes (Early). The rules in the second row imply that for Dtemp near 0.25 ℃ (Small ), then the stoppage time needs to be near 23 minutes (Right). The third row imply that if Dtemp is close to 0.5 ℃ (Medium), then the stoppage time needs to be close to 30 minutes (Late). In fact, the 15, 23, and 30 minutes mentioned above are reasonable if the timing starts after having Dtemp small enough as determined by the timer fuzzy controller whose rules can be set conveniently by the designer (See Equation 8 ). Yet, the stoppage time instants can be changed easily and conveniently by tuning the fuzzy sets and rules to accommodate for various charging situations.
The Timer fuzzy controller has two variables; Dtemp and Output. The two variables have the same MFs as those in the main fuzzy controller. However, the output singletons are Stop and Start (See Figure 10) . The inference rules of the timer controller are shown in Equation 8. Logic Toolkit and contains a complete hardware system for interfacing and measurement. Using the Fuzzy Logic Toolkit functions, the design and tuning of the fuzzy logic controller, as well as the activation of the inference engine for real-time process control, can be easily done.
Two software processes, a scanner and an analyzer, are included in the testing procedure shown in Figure 5 . The scanning process acquires the temperature readings from the thermocouples connected to the hardware interfacing cards and controls the reading speed. The analyzer processes the data acquired by the scanner. In addition, the analyzer monitors the changes in temperature reading and records the lowest attained temperature once the main controller decides to stop the testing for a specific refrigerant amount. As the charging is repeated, until the optimum amount is identified, the analyzer draws a chart of refrigerant amount versus temperature as in Figure 4 .
The model illustrated in Figure 15 consists of two out of eight fridges being charged in parallel. The NIcDAQ-9174 DAQ Chassis is used along with three NI 9211 Thermocouple Modules. Six thermocouples are used for each fridge at various locations to guarantee the accuracy of the process. After acquiring the required data from the thermocouples attached to the three NI 9211 Thermocouple Modules, it gets processed by the developed software to determine Dtemp and accordingly the T ime, Start, Continue, and Stop of the timer and the refrigerant charging along with the amount of gas required. The refrigerant charging unit is controlled using normally-closed solenoid valves and NI DAQ C-Series Relay Output Modules.
The main elements of the GUI include the freezer and gas controllers (See Figure 16 ). The GUI also includes monitors for the temperature change at different parts of the refrigeration system. The temperature monitoring for every part of the system has thermocouple type, module, and, physical channel list selectors. The module list selector is used for choosing the des- The scanning and analyzing using the fuzzy controllers are applied on the freezer part of the refrigerator. The freezer monitoring window includes a state indicator that reflects the status of the procedure while analyzing and can be either in progress or stopped. The freezer window also includes a temperature waveform charts that plots the temperature versus time. Lastly, a timer in minutes is added to the freezers window for noting the time the process is taking.
The gas monitoring window comprises a quantity indicator, and a waveform chart that depicts the freezers minimum temperature at stability versus the gas amount in grams. Moreover, the user inter-face includes waveform charts to monitor the state of the temperature throughout the stages and visually asserting whether stability has been reached or not (See Figure 17 ). For one unit, six thermo-couples are distributed among the ambient, fridge, freezer, evaporator-in, evaporator-out, and the suction tube (S4 ). As the application software supports eight units, the user has the option to hide parts of the GUI window if a smaller number of units are being tested. ness to each of the Continue or Stop fuzzy sets changes accordingly. Setting a threshold value somewhere between 0.5 ℃ and 0.75 ℃ to start the timer shows the acquired ability to modify the start time in accordance with the way by which the human expert would perceive the Dtemp values as indicators for reaching the stability region. If necessary, the range of Dtemp threshold can be modified as well by varying the rules in Equation 8. Thus, the value of Dtemp at which the timer starts can be adjusted in accordance with the human expertise.
According to the MFs in Figure 7 and Figure 8 , the rules in Table 10 , and Equation 7, Figure 18 When such a decrease happens, the time could have reached any value between 12 and 20 minutes at which the testing stops. Also, the passage of Dtemp values from the first range to the second could occur at any time between 20 and 27 minutes. To that end, the stoppage time of the test can be at any value between 12 and 27 minutes. Hence, the continuity aspect, which can be attributed to human behavior especially in the control area, is obtained here.
To evaluate the performance of the proposed fuzzy control algorithms we develop the following indicators [36, 37, 38] The PR indicator is used to calculate Performance Ratios (P R ratio ) [38] according to Equations 9 and 10. The PR indicator enables the calculation of the percentage performance improvement of one controller over the other.
where P R ratio is in %, and
Energy Consumption (E ): in kilo Watts per hour (kWh).
With an aim to experiment test time savings, different membership functions are investigated. Table 2 , presents the implementation results of triangular, trapezoidal and Gaussian MFs. From Table 2 , it can be clearly seen that the Fuzzy controllers outperformed the crisp controllers. Nevertheless, minimal performance differences are detected between different types of membership functions for the developed fuzzy controller. The trapezoidal function provides the best performance for the designated Dtemp ranges with a 70.6% performance improvement based-on the P R ratio and a maximum TS of 21.2 min, followed by the Gaussian with 60%, then the triangular with 36.6%. The performance difference is due to the different shapes of the MFs which affects the calculation of the degree of membership to a certain fuzzy set. In the presented TT measurements, the valve dynamics can be ignored relevant to the dominant dynamics of the slow temperature process. With a maximum close or open time of 1 Second, and the small amount of gas charge increment, the solenoid valve operation and the refrigerant charging introduce no significant time delays to the overall process [39] . With no doubt, the time saving leads to significant reduction in energy consumption of the testing process. The energy saving is proportional to the time saving given Equation 11 and can reach a maximum of 70.6% saving per unit using the fuzzy controller with trapezoidal MFs. We consider that a modern refrigerator unit consumes a total power (P ) of 2.5 kW [40] .
Where, t is the time in hours, E in kWh, and P in kW Figure 19 shows the number of tests per time that can be run versus time-given a maximum setup time of 15 minutes per test. Here, a test means that the minimum temperature has been detected once a new amount of refrigerant has been added. Usually, to decide on the best gas amount, 4-6 tests are required. The figure considers the worst and best calculated time savings for the crisp and fuzzy controllers. The Figure  shows that the crisp controller of Equation 6 performed almost equally to the fuzzy controller with trapezoidal MFs but at its worst-case duration of test. The fuzzy controller with trapezoidal MFs outperformed all other models in its best-case time saving of 70.6%. Table 3 and Figure 20 show the calculated energy consumption per test versus time. The Table considers the worst and best test times for both the crisp and fuzzy controllers. The results in the Table confirms  that Fig. 19 The number of tests versus time for one unit.
General Evaluation
In addition to the above-mentioned results, provided by the fuzzy models, Table 4 contains comparisons among the fuzzy model of Table 10 and the classical inference model of Equation 7 . The main differences between the two models are the complexity of required procedural support to the software tool, and the complexity of the development and tuning of the model. The main complexity is caused by the procedures which need to be used to make the crisp-controller results consistent with the experts expectations (See Section 5). The consistency can be achieved by either adjusting the limits of the adopted intervals partitioning Dtemp and T ime variables, or by increasing the number of these intervals. In the first case, however, and since the results depend on the limits of the intervals, then comparatively more effort is needed to adjust and tune these limits unless a fuzzy system, where the peak values of the fuzzy sets have the major effect, is developed first and its results are used. In the second case, we will have an additional increase in the software complexity of the classical controller. Although the development and tuning of the model to accommodate experts expectations might become easier to reach than in the first case, it is still complex compared to the fuzzy model. The ease by which the fuzzy models can be designed and tuned comes from the approximate nature of the models and available specialized software tools.
Given the obtained results, the study confirms that the following objectives are met: The attempt to identify related work succeeded in matching parts of the system proposed in this investigation. The identification comprises refrigerators testing procedures and automations [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14] , general-purpose automatic performance testing devices that can be used in refrigerators manufacturing, and automatic refrigerant charging devices [1, 2, 41] . None of the identified systems attempt to fully-automate the refrigerant charging process of refrigerators.
In almost all investigations in [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14] (See Section 2), the purposes include optimizing the performance of refrigeration in terms of the lowest attained temperature, power consumption, optimal charge combinations and amounts, etc. In this paper, the proposed work is analyzed according to similar performance indicators, however, it differs in the approach and application. The proposed approach aims at mimicking the behavior of a human tester, during refrigerant charging, to reach the best possible performance of refrigeration. In addition, the application of the proposed approach is on performance testing of refrigerators during the manufacturing process with automated refrigarent amount increase.
Many general-purpose end-of-line Computerized Performance Tests (CPT ) devices, that can be used in refrigerators manufacturing, are available in the market. Example devices are the CPT systems by AGRAMKOW [2] ; the devices are equipped with advanced sensing, data acquisition, monitoring, calibration, analysis and other automation features. Supported automatic tests include temperature, pressure, power, air flow and humidity. Moreover, the CPT devices can be used for short-term or long-term tests of refrigerators and other similar appliances. GALILIO provides the CAPTOR K data logger of field signals; the device is supported by RecData TJ software package. The system is interfaced to Personal Computer; it performs performance tests on cooling units and other applications. The test is carried out by collecting the temperature, current curves and other signal of the units which have been tested using the Captor K device. Test may last from a minimum of 1 Second up to maximum of 99 days [1] .
A variety of automatic refrigerant charging devices are available in the market [1, 2, 41] . Such equipment can be classified per use, such as, commercial and domestic refrigeration. Devices vary in size, refrigerant type and charge weight. Moreover, such refrigerant charging devices are used in fast-paced assembly lines with limited process variability; they aim at providing automation, process data traceability and high charging accuracy. The main functions of such devices include refrigerant charging, leak testing, etc.
Conclusion
This study has introduced a new approach mainly based on fuzzy logic and inference for making the experimental human-performed control of the refrigerant-charging process of refrigerators intelligent and automated. The automation is done while accounting for the reduction of the time needed to finish the testing and performance evaluation. The approach is motivated by the importance of the charging process in terms of achieving optimal performance and improved power consumption. It has also been motivated by the natural fuzziness that arises in the basic description of the experimental testing procedure and by how human experts per-form the charging process.
Based on the expert testing procedure (See Section 4); fuzzy and classical inference models are developed, where both show the capability of representing the intelligent human tester behavior and reflecting the viability of using inference methodology in application. From the perspective of better accommodating for approximate human reasoning in the application in hand , the fuzzy inference models are preferable. the developed models are shown to provide a suitable representation of the natural fuzziness that arises in the problem statement, and the correlation principle implementation that governs the behavior of an intelligent human expert.
Furthermore, the fuzzy model is shown (See Table 4 ) to require less software, development and tuning complexity compared to the classical models. The approximate reasoning aspect and the availability of fuzzy inference tools permit the fuzzy system to be designed and tuned easily to accommodate any refrigerant charging situation and experts expectation. Furthermore, inference tools permit the fuzzy models to be embedded in a computerized data acquisition, monitoring , and decision-making system containing the necessary hardware and software parts with the needed interfaces.
The provided fuzzy models are built upon reasonable assumptions regarding the trend of temperature change versus time, and the speed of data acquisition. Given a specific refrigerant charging situation, and the corresponding temperature versus time curve, then the data acquisition speed could be adjusted in a manner to make the developed fuzzy model match that situation. Indeed, the proposed models can be tuned to provide a better match. The tuning can be applied to the ranges of the used variables, the THEN parts of the rules, and the location of the supports and peak values of the fuzzy sets. This kind of tuning causes a change in the time needed to stop the testing for every value or range of values of Dtemp (See Section 7). With no doubts , the principles explained in Section 5 need always to be observed. Hence, the provided solution procedures are general and remain valid.
The obtained results confirmed that the fuzzy controller, and in its best case, can achieve a test time saving of 70.6%. The saving leads to a constant energy consumption of 1 kWh per tested unit. The best achieved test-time saving results, using the fuzzy controller, outperforms those of the crisp controllers. However, the best-case crisp and worst-case fuzzy controller perform in an almost identical manner.
Future work deals with the application of the introduced approach in various refrigerant-charging situations, and with the tuning and improvement of the provided fuzzy models to try to make them competitive with the performance of well-trained human experts. Although the minimization of the time factor is important, this minimization should not be done at the expense of detecting a temperature that significantly differs from the smallest possible one for every amount of refrigerant. If a value around the smallest possible temperature is not reached, then the calculated COP for every specific refrigerant amount would turn out to be wrong, and leads to a wrong decision on the amount of needed refrigerant. Hence, the specific charging situation, the balancing between the time reduction and accuracy of the detected temperature, as well as the experts opinion and expectation, need to be given care-ful considerations to obtain reliable and efficient fuzzy inference model. In addition, Future work can include investigating improvements towards fault-prone manufacturing using model-reduction techniques [42, 43] . Table 4 Comparison of crisp and fuzzy controllers.
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